Objective: Unplanned readmission of hospitalized patients to an ICU is associated with an increased mortality and hospital length of stay. The ability to identify patients at risk, who would benefit from prolonged ICU treatment, is limited. The aim of this study is to validate a previously published numerical index named the Stability and Workload Index for Transfer in a heterogeneous group of ICU patients. Design: In this retrospective data analysis, the Stability and Workload Index for Transfer score was calculated for all patients, and the ability of the score to predict readmission was compared with the original publication. Setting: Four ICUs, one intermediate care unit, and one postanesthesia care unit of the department of anesthesia and intensive care of a university hospital. Patients: All consecutive patients treated in one of the units.
S ome critically ill patients experience unexpected clinical deterioration, which results in a readmission or death shortly after discharge from the ICU. Large studies on ICU readmission report readmissions between 2.0% and 6.4% (1) (2) (3) (4) (5) (6) (7) . Besides the differences of the definition within the studies, lower readmission rates may depend on several factors, including the permanent presence of an intensivist responsible for discharge decisions, variations in patient population, ratio of ICU beds to hospital beds, and the availability of stepdown units. Early but appropriate discharge from the ICU reduces excessive and unnecessary use of this expensive healthcare facility and allows the admission of patients in need for intensive monitoring and care (1) . Discharge decisions are influenced not only by the status of the patient but also by workload pressure and bed demand (8) . Early discharge of ICU patients to general wards increases the risk for ICU readmission (9, 10) . Patients who are readmitted to the ICU have an increased mortality rate of 1.5-10 times compared with controls and at least twice the length of hospital stay of control patients (1, 6, 9, 11) .
Some early readmissions are avoidable. The proportion of preventable readmissions varies in the different studies within a range from 5% to 50%. Whatever the exact figure is, the readmission rates include a significant fraction of events that could have been avoided (12, 13) . The knowledge of risk factors for ICU readmission might help identify high-risk patients, who will profit from intensive care treatment (6, 9, 14) . A large-scale retrospective cohort study with ICU data from American ICUs demonstrated that ICU readmission is associated with certain patient factors that reflect a greater severity and complexity of illness and results in a higher risk for hospital mortality and a longer hospital stay (6) . Several tools have been proposed before determining whether discharge is appropriate. A rating scale, based on a subjective assessment of the treating physician, has been reported to predict hospital mortality after ICU discharge (15) . In several countries, critical care outreach teams are used to detect patients who need to be readmitted (16, 17) . Tools or scores based on objective data could help decide whether a patient can be discharged safely or a special surveillance after ICU treatment is justified. The Stability and Workload Index for Transfer (SWIFT) score was developed by Gajic et al (18) in 2008 to predict unplanned readmission. In two validation cohorts, a North American medical ICU and a European surgical-medical ICU, the score was used to predict readmission. This score was derived from information readily available at the time of ICU discharge. Chandra et al (19) used an automated system based on the electronic medical record to calculate the risk of unplanned readmission using the SWIFT score for medical ICU patients, and they were able to demonstrate the reliability and excellent correlation with manual data collection.
The aim of this study is to demonstrate whether the calculation of the SWIFT score can predict unplanned readmission and death within 7 days after discharge from different areas of intensive care ranging from a postanesthesia care unit (PACU) to an ICU for a mixed cohort of patients using the data from a patient data management system (PDMS).
MATERIALS AND METHODS
The study was approved by the local ethics review board committee of the Charité -University Hospital Berlin and the data safety authorities, which waived the need for individual informed consent (No. EA1/093/12). All adult patients (older than 18 yr) admitted to an ICU, intermediate care unit (IMCU), or PACU of the Department for Anesthesiology and Operative Intensive Care (Charité, Universitätsmedizin Berlin) between January 1, 2007, and December 31, 2008, and discharged alive to a ward in the same hospitalization were included in the analysis.
We retrospectively studied a cohort of patients from four ICUs (named ICU A, B, C, and D), one IMCU, and one PACU. ICU A (11 beds) is a medical-surgical ICU, ICU B (11 beds) is a surgical ICU for patients after cardiac surgery, ICU C (16 beds) is neurological/neurosurgical ICU, and ICU D (14 beds) is a medical/surgical ICU specialized on treatment of acute respiratory distress syndrome including extracorporeal lung assist devices.
ICU Organization and Management Policies
The IMCU (10 beds) predominantly treats postoperative patients and patients from other ICUs, once the patient's condition is stabilized and they comply with the admission criteria for the IMCU. The PACU is eligible for all patients in need of intensive care treatment up to 24 hours or until a bed is available on the ICU, and it is a fully integrated part of our intensive care concept. The staff here is able to perform the same procedures and therapies as in the ICU. The PACU treats patients after surgery but also treats any kind of emergency patients up to 24 hours. This enables patients from the emergency department or patients with a deteriorating cardiopulmonary function on a general ward to be treated in an intensive care setting without any delay.
All units are operated by the Department of Anesthesiology and Operative Intensive Care. A consultant intensivist with a special qualification in intensive care medicine is available 24 hours a day. For every ward, at least one attending physician or in training resident is on available around the clock, working in 8-or 12-hour shifts. There is no reduction in ICU activity or nursing or medical staff at nighttime or during the weekends. ICU physicians, ICU consultants, nursing staff, and the operating surgical team conduct daily rounds. ICU admission and discharge decisions are made by the consultant intensivist in agreement with the surgeon of the patient for postoperative patients. Patients are discharged to a peripheral ward only if there is no organ failure present and the patient's condition no longer demands invasive monitoring. The patients can also be transferred to the IMCU, if the condition demands invasive monitoring or the patients have a single organ failure (except the need for mechanical ventilation).
Data Collection
Data are collected from vital sign monitors, ventilators, and laboratory data systems and automatically recorded in a PDMS (Copra System GmbH, Sasbachwalden, Germany). The PDMS provides staff with a complete electronic documentation, order entry (medications), documentation of scores, and direct access to laboratory values.
The Simplified Acute Physiology Score (SAPS) II (20) and the Sequential Organ Failure Assessment (SOFA) score (21) are calculated on a daily basis within the PDMS after manual validation of the data by the attending physician. Data recorded at admission and discharge for all patients included gender, age, referring ward, time of admission and discharge, elective or not elective admission, Acute Physiology and Chronic Health Evaluation (APACHE) II score (22) . Further variables collected were the vital variables, laboratory values, hours on ventilator for the ICU stay, hours on dialysis, Glasgow Coma Scale (GCS), survival of ICU treatment, and hospital mortality.
The data were extracted from the clinical information system database using MySQL 5.01 (Sun Microsystems GmbH, Kirchheim-Heimstetten, Germany) and then transferred into PASW Statistics 19 (SPSS, Chicago, IL) for further calculations.
Readmission of a patient was defined as a repeated admission to the ICU/IMCU/PACU after discharge of a patient to the general ward who had previously been admitted to one of those units during the same hospitalization period. Transferrals of patients among the ICU, IMCU, and PACU were not considered readmissions, and datasets of these patients were aggregated to one clinical case. Planned readmissions after elective surgery were not considered readmissions. Patients, who died within 7 days of discharge on the general ward, were included in the analysis. Only the first readmission from a general ward was included in the analysis. All admission and discharge dates were available from the PDMS. We included PACU patients in the evaluation, because if a patient is in immediate need for intensive care, including patients from general wards, and there is no capacity within the ICU, the patients are transferred to the PACU to stabilize the vital functions until a bed is available in the ICU. Patients transferred to another hospital or different areas of critical care within the same hospital were excluded from the analysis. Also patients who died during the initial ICU stay were not considered in this evaluation, as these patients did not leave the ICU as potential candidates for readmission.
Statistical Analysis
Data were analyzed using PASW Statistics 19 (SPSS). Continuous data are presented as mean ± sd and categorical data as number and percentage, unless otherwise indicated. Nonparametric tests of comparison were used for variables evaluated as not being normally distributed. Differences between independent groups were tested using the exact Mann-Whitney U test or Fisher exact test as appropriate. Stepwise, multivariate logistic regression was used to investigate the association between the risk factors for readmission used by Gajic et al and ICU readmission as outcome. Hosmer-Lemeshow goodness-of-fit test was calculated to assess the calibration of the model. Odds ratios (OR) with 95% CI and the corresponding p-values are given. Receiver operator curve (ROC) analysis was performed to test the discrimination of the SWIFT score with our data.
All statistics were two tailed, and a p value of less than 0.05 was considered statistically significant. All tests should be understood as constituting exploratory data analysis, such that no adjustments for multiple testing have been made.
The SWIFT score was calculated as described in the original publication by Gajic et al (18) for each ICU discharge. Table 1 shows the score calculation worksheet.
As in the original study, the area under the receiver operator curve (AUC) was calculated to describe the discrimination of the model and was compared with the APACHE II scores at the time of ICU discharge.
RESULTS
The data of 7,175 patients were included in the final calculation of the study (Fig. 1) . The readmission-rate was 7.4%: 6,579 patients were not readmitted to the ICU/IMCU/PACU compared with 528 patients who needed readmission after discharge from the ICU. Table 2 shows the results of the univariate comparison of the groups.
The patients who are readmitted to the ICU in their course of treatment are significantly older and have significantly higher scores that define the severity of disease (APACHE II, SOFA, SAPS) at admission and discharge time of their first ICU stay. The patients with readmission spend more time in the hospital prior to their first ICU admission and have a longer hospital length of stay (LOS).
The source of admission for the initial ICU stay did not show statistical differences (p = 0.055) between patients with and without a readmission. Looking at all patients admitted to an ICU, IMCU, or PACU, 35.5% of the patients were elective admissions to the hospital and intensive care, 46.5% of the admissions were unplanned or not elective admissions to the hospital, 17.6% were transferred from another hospital, and 0.4% of the patients were admitted postpartum.
The last GCS (p < 0.001) and the last Pao 2 /Fio 2 (p = 0.001) ratios before discharge from the ICU were higher in the patients who did not need a readmission to the ICU, indicating those patients have better organ function at the time of discharge from the ICU.
The mean SWIFT score for all patients was 14.21 (± 8.53), with a significant difference between the readmitted and nonreadmitted patients ( Table 2 ). During the original development of the SWIFT score, a cut score of 15 was used to discriminate between readmission and nonreadmission. In our population, a cut score of 15 yielded a positive likelihood ratio of 1.36 and a negative likelihood ratio of 0.83, with specificity of 0.68 and a sensitivity of 0.44. Using the data of our patients, the determination of the cutoff according to Youden's criterion (maximum [sensitivity + specificity -1]) resulted in a cutoff of 13.5 SWIFT points. Table 3 shows the readmission rates according to a cutoff SWIFT score of 15 and our calculated cutoff of 13.5. The cutoff of 13.5 has a sensitivity of 0.552, a specificity of 0.590, a positive likelihood ratio of 1.35, and a negative likelihood ratio of 0.76. Figure 2 shows the ROC for the SWIFT score and for the APACHE II score. Overall, the performance of the SWIFT score is poor with an AUC of 0.581 (95% CI, 0.556-0.605; p < 0.001) using the logistic regression with readmission as outcome and the SWIFT score as the only independent variable. Calibration was poor with a Hosmer-Lemeshow goodness-offit test chi-square of 27.208, df 8, and p = 0.001 (Cox & Snell R 2 = 0.005, Nagelkerkes R 2 = 0.011). SWIFT score was connected with the OR of 1.028 (95% CI, 1.019-1.037), that is, the probability of readmission would increase by 2.8% for each point in the SWIFT score. The plot of the observed risk of ICU readmission as the calculated SWIFT score increases is shown in Figure 3 .
In the stepwise multivariate logistic regression analysis with the items of the SWIFT score worksheet, the last measured Pao 2 /Fio 2 ratio (OR, 1.072; 95% CI, 1.017-1.129; p = 0.009), the GCS at the time of ICU discharge (OR, 1.019; 95% CI, 1.004-1.035; p = 0.016), and the last Paco 2 (OR, 1.051; 95% CI, 1.001-1.103; p = 0.045) are significantly associated with the risk for readmission to the ICU.
DISCUSSION
In this retrospective study, we applied a numerical index, the SWIFT score, to a large mixed medical and surgical patient collective from an ICU, IMCU, and a PACU. The SWIFT score was originally developed and validated by Gajic et al (18) and published in 2008. This score was derived on a medical patient group and used in two different validation cohorts of patients. Our results show that certain physiologic variables differ between patients who are readmitted to the ICU and those who are not readmitted. For the SWIFT score, the AUC was 0.581 with a poor calibration in the Hosmer-Lemeshow goodness-of-fit test. In the logistic regression, only the last measured Pao 2 /Fio 2 ratio, the GCS at the time of ICU discharge, and the last Paco 2 were associated with the risk for readmission to the ICU.
Unfortunately, in the original article by Gajic et al (18) , there is no information available, in which way the SWIFT score was determined using the results of the two models of multivariate logistic regression. Furthermore, the use of the same data for training and testing the performance of the models in the first step leads to an "apparent" accuracy; therefore, the poor results of the two independent datasets are not really astonishing. Many predictor variables with selection procedures judged by significance testing involve multiple comparison problems, which lead to unreliable models. The failure of a model to validate externally could have been avoided by an honest internal validation such as cross-validation or bootstrapping as described by Harrell et al (23) in the development of a prediction model for readmission to the ICU. After all, the use of a Cox regression with a time-dependent covariate "readmission" and further risk factors could result in a better characterization of readmission.
The use of the source of admission might be a possible reason for the poor performance of the model: in the original study, the score had a poor calibration in surgical patients. In the SWIFT model worksheet, 8 points are given for the transfer from a ward or outside hospital to the ICU. Most elective surgical patients are treated on hospital wards prior to surgery, and this might have an effect on the results. Studies have demonstrated a lower risk of readmission for surgical patients (24) , some studies have no difference between admission categories (2), and some studies have an increased risk for readmission for surgical patients (4) . In our study, 54.6% of the patients with no readmission are patients with a transfer from a ward or outside hospital compared with 35% in the Gajic study. For the patients with readmission, the figures are similar for both studies: 54.9% (our data) versus 57% (Gajic study). Our results agree with previous studies, showing that patients with readmissions to the ICU are older and have a higher degree of severity of disease, as measured by the different scores. The definition of reproducible predictors of readmission is limited, as different studies used different designs.
Only a few of the early studies evaluated patient characteristics, physiology, and treatment status at the time of ICU discharge. Some of the earlier larger epidemiologic studies are limited to the admission day physiological information (1) . As Rosenberg et al demonstrated (25) , readmissions are determined by the physiological status near the end of the first ICU course, and several other recent studies were able to show that severity of illness as reflected by the extend of physiologic abnormalities at the time of ICU discharge is strongly associated with readmission (6, 9, 26) . However, a meta-analysis of 11 studies came to the conclusion that the risk for readmission increases with severity of illness, independent of the timing of this measurement (admission or discharge) (27) . Despite the fact that the results of these studies increase the knowledge about the patients at risk for readmission, evidence-based discharge criteria for patient groups at risk, like sepsis or mechanically ventilated patients, which could prevent adverse events after ICU discharge, deserve further studies.
A valid score might help differentiate between patients who can be discharged safely to a general ward, to a higher acuity step down unit, who need increased supervision in the general care area with overlapping rounds by an ICU team, or who are in need for further ICU treatment. A requirement for the development of a valid discharge score is the definition of general discharge criteria from the ICUs. These criteria will also depend on the local conditions. In the study by Kramer (6) on ICU readmissions, for example, 5.2% of the patients had a GCS of 6 or lower on the day of ICU discharge and 6.7% of the patients were sedated, and it was unable to assess the GCS on the discharge day. In many ICUs, these patients would not have fulfilled the discharge criteria. It should be considered that scores like the SWIFT score that was developed and independently validated in the United States and the Netherlands cannot be applied to all other countries. International differences in healthcare systems often lead to conflicting results in validation of other scoring systems.
Our study has several limitations, which need to be considered in the interpretation of the results. It is a retrospective analysis of prospectively collected data and therefore cannot demonstrate causality. One limitation is that not all variables are available for all patients, for example, certain laboratory values like the Paco 2 , which is only measured if the patient has an arterial line and has an indication for these measurements. During the calculation of the statistics, the patients with missing values can be treated in two ways: the patients are not included in the calculations or as done by Gajic et al, the values are assumed to be normal. Both ways of handling missing data might influence the results. We did not differentiate between the different types of ICU, surgical, medical, or neurological, as most of the ICUs are able to treat all kinds of patients. Unlike other studies, we included all patients in need of intensive care, independently of ICU LOS. This makes some comparisons difficult, as other studies excluded patients who were in the ICU for less than 4 hours (6) or included all patients independent of ICU LOS (7) . No clinical data, for example, scores are collected in a database on general wards. Thus, it is not possible to determine factors arising after discharge of patients. Like in other studies using large databases, patients discharged with treatment limitations are not identified and are part of the cohort. They have less likelihood of being readmitted but might influence the number of hospital deaths. Expectation of outcome at the time of discharge is also not known. Another limitation of our study is that there was no specific evaluation of case mix or other disease-related information. In clinical context, this information is difficult to obtain, as besides the main medical focus all the evaluated ICUs treat patients in need of intensive care irrespective of the underlying disease.
CONCLUSION
The results from this study show that there are patients with an increased risk for readmission. Further studies, as well as cost/ benefit analysis, are needed to investigate whether discharge decisions based on certain scores, which include defined physiological variables, will influence the number of unplanned ICU readmission or improve outcome. The impact of clinical outreach teams on readmissions has to be further investigated, and a definition of what variables need to be monitored for defined patient groups is needed. Nevertheless, readmission rates and unexpected death after ICU treatment may be a relevant quality marker, particularly on a local level.
